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Similar to charitable giving in real world, donation behaviors play an important role in the complex
interactions among individuals in virtual worlds. However, it is not clear if the donation process is
random or not. We investigate this problem using detailed data from parallel virtual worlds adhered
to a massively multiplayer online role-playing game. We find that the inter-donation durations follow
power-law-tailed distributions distributed with an average tail exponent close to 1.91, have strong
long-range correlations, and possess multifractal features. These findings indicate that the dona-
tion process is non-Poissonian, which has potential worth in modeling the complicated individuals
behaviors in virtual worlds.
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2I. INTRODUCTION
Charitable donations which are motivated by altruism and “warm-glow” are ubiquitous in real world [1, 2]. Intu-
itively, donation behavior can trigger direct and indirect reciprocity, which is a powerful mechanism for the evolution
of cooperation [3]. Cooperation is a key aspect of social evolution, where interactions among individuals affect repro-
ductive success [4]. Until now, the needed quantities and quality of data related to cooperation in human societies are
still difficult to obtain. Alternatively, the online virtual worlds of MMORPGs, where people can learn, work, play and
interact with others in a somewhat realistic manner, have great potential for research in behavioral, economic, social
and human-centered computer sciences [5, 6]. The availability of big data recorded from massively multiplayer online
role-playing games (MMORPGs) enables us to perform quantitative analysis of donation process in virtual worlds.
In recent years, numerous scientific studies have been carried out based on multitudinous data sets collected from
online virtual worlds [6–11]. In particular, a pioneering work was done by Edward Castronova, who traveled in a
virtual world called “Norrath” and performed preliminary analysis of its economy [12]. Studies on the structure and
dynamic evolution of social networks in virtual worlds have unveiled intriguing results [9, 13–16]. Additionally, virtual
worlds could establish direct contacts with real social activities, such as marketing [17–19], and provide opportunities
for players to make real money [20].
Quantitative understanding of regular patterns in human dynamics is of great importance [21]. Previously, when
detailed and precise records of human activities were rare, individual activities were assumed to follow Poisson
processes with exponential distributions of interevent times [22]. Recent investigations of interevent intervals between
two consecutive interacting actions, such as e-mail communications [23, 24], short message correspondences [25], cell
phone conservations [26, 27], letter correspondences [28, 29], online collaborations [21], and order cancelations and
equity transactions in financial market [30–34], indicate that human interactions have non-Poisson characteristics. For
instance, Malmgren et al. demonstrated that the approximate power-law scaling of the interevent time distribution
of e-mail communication is a consequence of circadian and weekly cycles of human activity. More specially, for the
online-offline activities of users in MMORPG, Weibull distribution is unveiled concerning the gaming session durations
of users [7]. In a word, it is meaningful to explore the regular patterns and mechanism of donation process relating
to the formation of cooperation among online individuals in virtual worlds.
Complex systems usually exhibit complex behavior characterized by long-term power-law correlations [35]. Exten-
sive studies show that long-term correlations widely exist in many economic or financial, biological, and ecological
systems [34, 36–38], especially for human interactive activities in both real and virtual worlds [8, 10, 39, 40]. Specially,
long-term correlations become stronger as the human activity level increases [39]. More than ten methods have been
developed to investigate and determine the correlation strength in long-term correlated time series [41–44], including
rescaled range (R/S) analysis [45], discrete wavelet transform [46, 47], wavelet transform module maxima (WTMM)
approach [48–52], the fluctuation analysis (FA) [37], detrended fluctuation analysis (DFA) [53], detrending moving
average analysis (DMA) [54, 55], and so on. Scholars have tried to rank the performances of different methods [56–65]
and not reached clear-cut consensus. It is not unreasonable that the conclusions are mixed because different studies
used different time series generators and different lengths. However, there is wide agreement that DMA and DFA are
“The Methods of Choice” in determining the long memory strength of time series [66]. Therefore, we apply the DMA
and DFA methods to investigate the memory effect of inter-donation duration series in this paper.
Likewise, multifractals are ubiquitous in natural and social sciences [67, 68]. A wealth of methods have been invented
to characterize the hidden multifractal nature of different social variables, such as the structure function method
[69–72], the partition function method [73–77], the multiplier method [78–80], the wavelet transform approaches
[49, 51], the multifractal detrending moving average analysis (MFDMA) [81], the multifractal detrended fluctuation
analysis (MFDFA) [82–84], and so forth. In addition, Gu et al. found that the backward MFDMA exhibits the best
performance when compared with the centered MFDMA, forward MFDMA, and MFDFA [81]. We hence adopt the
backward MFDMA method in this work.
The rest of this paper is organized as follows. Section II describes the data used in our study, including some
basic statistical properties of user donation actions and inter-donation durations. Section III studies the probability
distribution of inter-donation durations and Section IV estimates its memory behavior using advanced statistical
methods. We further investigate multifractal nature of inter-donation durations in Section V. Finally, We summarize
our findings in Section VI.
II. DATA DESCRIPTION
MMORPG is the typical online virtual worlds with sophisticated interactions. Our study is based on a huge
database recorded from 98 servers of a popular MMORPG in China, from 16 May 2011 to 31 December 2012, to
uncover the patterns characterizing online virtual worlds. The dataset contains all in-game action logs for more than
3120 days in each server, in which the time span varies with the loss proportion of characters and time stamps are
accurate to 1 second. Nevertheless, we mainly focus on item logs in this study. A donation action is written to the
log file when individuals give items to or receive from others without exchanging any money or items. Therefore,
the donation actions in a log file are arranged according to an increasing order of donation moments. Each donation
contains at least three pieces of information: the donor ID, the donee ID, and the corresponding donation time. For
each individual in MMORPG, we collect all the associated donations. During this period, on average, there were
more than 100000 characters who logged on the game for each server and the majority of them had made donation.
For security sake, the true characters IDs have been encrypted into numbers from 1 to ordinal number of the last ID
for each virtual world.
We obtain the entire donation number N for each virtual world, which is listed in Table I. We find that the
donation number N fluctuates within a wide range, from 516067 to 3349221. Meanwhile, we have removed the
abnormal donations (e.g. when the servers were scheduled for maintaining or during game version updating) of the 98
virtual worlds in order to ensure statistical significance. In addition, Fig. 1 presents the daily evolution of donation
actions in four different virtual worlds, which exhibits the similar shape with the evolution of the number of active
characters [9, 10]. With the development of a virtual world, the number of daily donations NDaily increases and reaches
a maximum around the 10th day and then decays. Especially, there exists another evident local hump around the 30th
day, which is mainly caused by some new marketing actions organized by the online game operators. Additionally,
We find that curves of the rest daily donation series of the 98 virtual worlds almost share the same shapes as in Fig. 1
except for some special dates.
In the paper, the inter-donation duration is defined as the interval between two consecutive donations in units of
second, which reads
τi = t
d
i+1 − t
d
i , (1)
where tdi is the time when i-th donation takes place. Although the time resolution of our data is as precise as 1 second,
on average, there are still more than 55% donations stamped with the same time which are presented in Table I using
ρ, indicating that the inter-donation duration is vanishing between the two corresponding donations. For convenience,
we treat the donations occurring at the same time as one donation at that time. Therefore, vanishing durations are
excluded. For all the 98 virtual worlds, we calculate the average values 〈τ〉 of inter-donation duration series which
vary from 12.85 seconds to 50.92 seconds, and depict the results in Table I.
III. PROBABILITY DISTRIBUTIONS OF INTER-DONATION DURATIONS
The probability distribution of a random variable is of essential importance since it can fully determine the moments
of the variable and may has a direct relationship to the memory effects and multifractality of the time series [36, 85].
In this section, we focus on investigating the probability distributions of inter-donation durations τ of all the 98 virtual
worlds.
The associated empirical probability distributions p(τ) of six randomly chosen virtual worlds are presented in
Fig. 2(A), which exhibit a clear scaling decay. In addition, we rescale the inter-donation duration τ to τ/〈τ〉 and the
probability distributions p(τ) to p(τ)〈τ〉. The rescaled probability distributions of inter-donation durations for the
same six virtual worlds are presented in Fig. 2(B), which almost collapse together and show a perfect scaling behavior
at tails. Consequently, we conjecture that these distributions have power-law tails:
p(τ) ∼ τ−(β+1) for τ ≥ τmin, (2)
where β is the power-law exponent and τmin is the lower threshold of the scaling range of the power-law decay.
In order to capture the tail behavior of the distribution, we need to conduct an objective analysis. Based on
maximum likelihood estimation method (MLE) and the Kolmogorov-Smirnov statistic (KS), Clauset et al. proposed
an efficient quantitative method to test if the tail has a power-law form and, if so, to estimate the power-law exponent
β for the data greater than or equal to a lower bound τmin [86]. Because the values of τ are positive integers, we only
focus on the discrete case of this method. The KS statistic is defined as
KS = max
τ≥τmin
(|P − FPL|), (3)
where P is the cumulative distribution of inter-donation durations τ and FPL is the cumulative distribution of the
best power-law fit. The threshold τmin is determined by minimizing the KS statistic. Then the power-law exponent
β of the data in the range τ ≥ τmin can be estimated using the MLE, that is,
β ≃ m
[
m∑
i=1
ln
τi
|τmin −
1
2
]−1
. (4)
4TABLE I. Descriptive statistics of inter-donation durations for 98 virtual worlds. N is the number of donations, ρ is the ratio
of the number of simultaneously happening donations N0 to N , 〈τ 〉 is the average inter-donation duration in units of second.
Code N ρ 〈τ 〉 Code N ρ 〈τ 〉
0001 1705228 0.617 20.50 0050 1535839 0.627 24.47
0002 2239240 0.608 21.85 0051 1601163 0.613 27.54
0003 3296855 0.611 14.70 0052 2573136 0.578 15.73
0004 1532055 0.630 32.51 0053 1356094 0.606 31.95
0005 1334578 0.634 37.71 0054 1131281 0.592 36.76
0006 2444375 0.614 19.26 0055 1216377 0.603 35.09
0007 1660899 0.636 28.69 0056 1689275 0.608 25.75
0008 2320411 0.614 19.37 0057 2605908 0.597 16.20
0009 1998936 0.635 24.55 0058 1567798 0.579 25.76
0010 1275256 0.595 26.66 0059 1789417 0.611 22.66
0011 1082580 0.590 31.00 0060 847119 0.614 40.77
0012 1094432 0.630 45.74 0061 1324435 0.594 29.20
0013 554977 0.602 46.06 0062 2052950 0.623 20.35
0014 1173571 0.601 28.49 0063 1299678 0.602 30.52
0015 1079154 0.598 30.71 0064 1096244 0.591 35.15
0016 1238259 0.610 27.58 0065 1055676 0.608 37.95
0017 886742 0.596 37.73 0066 797059 0.609 50.36
0018 1139159 0.611 30.33 0067 1221146 0.624 34.27
0019 1075634 0.585 29.51 0068 2109187 0.608 19.14
0020 1282801 0.589 25.60 0069 1222507 0.605 37.53
0021 3052685 0.612 20.52 0070 1650616 0.597 23.92
0022 3178363 0.597 19.00 0071 1814959 0.609 22.36
0023 1694692 0.614 21.28 0072 1773985 0.598 22.17
0024 1494519 0.617 24.31 0073 1293745 0.597 30.38
0025 1148468 0.627 32.54 0074 1219383 0.552 28.94
0026 1485269 0.638 25.87 0075 900405 0.597 43.73
0027 1248578 0.633 29.63 0076 1757164 0.598 22.46
0028 1090820 0.632 33.81 0077 1195309 0.594 33.65
0029 1377820 0.646 25.39 0078 1650125 0.620 26.17
0030 910070 0.652 41.05 0079 1731510 0.593 23.30
0031 3283140 0.606 16.14 0080 1404610 0.596 28.88
0032 2249825 0.606 23.54 0081 3028075 0.576 12.85
0033 1735769 0.574 26.53 0082 1423213 0.593 28.44
0034 2359477 0.572 19.43 0083 1217974 0.577 32.01
0035 2735192 0.610 16.54 0084 1366396 0.590 29.41
0036 2306332 0.621 20.24 0085 1148700 0.592 35.18
0037 3349221 0.618 13.74 0086 739746 0.566 50.92
0038 1966960 0.602 22.47 0087 962872 0.591 41.77
0039 1410212 0.599 31.29 0088 1149438 0.593 35.18
0040 1504820 0.592 28.82 0089 1319263 0.595 36.32
0041 1477299 0.580 28.46 0090 1958365 0.619 17.24
0042 1512435 0.607 29.75 0091 1382076 0.625 24.90
0043 844896 0.634 35.87 0092 1059380 0.616 31.58
0044 1924209 0.644 20.41 0093 1096790 0.621 30.81
0045 1180294 0.628 31.93 0094 1166467 0.616 28.84
0046 686874 0.610 38.64 0095 1251507 0.617 26.91
0047 516067 0.613 49.56 0096 1741728 0.647 29.19
0048 977913 0.612 36.90 0097 1370604 0.641 33.91
0049 915043 0.630 32.73 0098 1908909 0.626 27.75
where m is the number of the data points in the range τ > τmin. The standard error σβ on the power-law exponent
β is derived from a quadratic approximation to the log-likelihood at its maximum, which reads
σβ =
1√
m
[
ζ′′(β+1,τmin)
ζ(β+1,τmin)
−
[
ζ′(β+1,τmin)
ζ(β+1,τmin)
]2] , (5)
and ζ is the generalized or Hurwitz zeta function.
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FIG. 1. Daily evolution of donation actions in four different virtual worlds 0028, 0044, 0046 and 0049, which correspond to
(A-D), respectively. The dots are the daily donation actions. The continuous curves are the polynomial fits to the data. Other
virtual worlds have very similar patterns.
Following Clauset et al. [86], we conduct the bootstrap test to check whether the power-law tail is a plausible fit to
the inter-donation durations τ . In doing so, we generate 2500 realizations of synthetic data for each distribution, for
which we wish the p-value to be accurate to about 2 decimal digits [86]. For each realization, we fit synthetic data
set individually to its own power-law model and calculate the statistic KSsim for each realization relative to its own
model, which is as follows:
KSsim = max(|Psim − FPL|), (6)
where Psim is the cumulative distribution of the synthetic realization. We thus obtain the p-value:
p-value =
#(KSsim > KS)
2500
, (7)
where the numerator is the number of realizations with KSsim > KS. The meaning of this test is that the investigated
inter-donation durations have the power-law tails with a probability of p. The resulting KS values and the corre-
sponding p-values are given in Table II. Applying this approach [86], we identify 84 cases out of the 98 inter-donation
duration series that have power-law tails, in which the p-values are greater than 5%. Meanwhile, the determined
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FIG. 2. Probability distributions (A) and rescaled probability distributions (B) of inter-donation durations τ of six typical
virtual worlds 0001, 0020, 0028, 0044, 0046 and 0049. The slopes of the solid lines are -2.95.
characteristic parameters τmin, β and σβ are presented in Table II. We find that the power-law tail exponent β mainly
concentrates in the range [1.7, 2.1] and combines with a mean close to 1.91, while the lower bound τmin mainly con-
centrates in the range [100, 300] and combines with an average value close to 244. Furthermore, for the group of 84
inter-donation duration series with power-law tails (p-values greater than 5%), Table II shows that there are only
6 p-values less than 0.2 and 78% of p-values are greater than 0.3. In a word, this test confirms that most virtual
worlds have power-law tails in the inter-donation duration distributions, thus the donations of individuals cannot be
described by the Poisson process.
IV. LONG-RANGE CORRELATION
In this section, we adopt the DMA and DFA methods to investigate if there are long-range corrections in inter-
donation duration time series. As mentioned, DMA and DFA are among the most effective and the most extensively
used methods [66]. The procedures of the DMA and DFA methods are briefly described below, which share the same
framework [36, 68].
For a given inter-donation duration series {τi|i = 1, 2, ..., N}, we calculate the cumulative summation series yi as
follows,
yi =
i∑
j=1
(τj − 〈τ〉), i = 1, 2, ..., N. (8)
where 〈τ〉 is the sample mean of the τi series. The series yi is covered by Ns disjoint boxes with the same size s. When
the whole series yi cannot be completely covered by Ns boxes, we can utilize 2Ns boxes to cover the series from both
ends of the series. In each box, a trend function y˜i of the sub-series is determined. The residuals are calculated by
ǫ(i) = yi − y˜i. (9)
The main difference between the DFA and DMA algorithms is the determination of the “local trend function” y˜i,
which is dependent of the box size s. The local trend y˜i could be polynomials, which recovers the DFA method [53].
In the DMA approach, one calculates the moving average function y˜i in a moving window [87],
y˜i(s) =
1
s
⌈(s−1)(1−θ)⌉∑
k=−⌊(s−1)θ⌋
yi−k, (10)
where θ is the position parameter with the value varying in the range [0, 1]. Specially, the cases θ = 0, θ = 0.5 and
θ = 1 respectively correspond to the backward detrending moving average (BDMA) method, the centred detrending
7TABLE II. Characteristic parameters in the power-law distributions of inter-donation duration τ for the 98 virtual worlds based
on the Kolmogorov-Smirnov tests and the maximum likelihood estimation.
Code τmin β σβ KS p-value Code τmin β σβ KS p-value
0001 147 1.95 0.020 0.007 0.57 0050 138 1.99 0.018 0.008 0.26
0002 118 1.78 0.012 0.011 0.01 0051 215 1.63 0.016 0.012 0.02
0003 107 2.09 0.018 0.005 0.56 0052 128 1.77 0.015 0.006 0.48
0004 228 1.68 0.016 0.007 0.53 0053 142 1.53 0.011 0.016 0.00
0005 633 1.90 0.035 0.016 0.25 0054 367 1.69 0.022 0.016 0.06
0006 119 1.78 0.013 0.004 0.67 0055 232 1.72 0.017 0.012 0.04
0007 269 1.74 0.021 0.010 0.35 0056 398 2.05 0.041 0.010 0.92
0008 448 2.14 0.049 0.010 0.99 0057 175 2.23 0.029 0.011 0.21
0009 375 1.91 0.033 0.010 0.68 0058 189 1.76 0.018 0.007 0.53
0010 143 1.93 0.016 0.011 0.02 0059 171 1.90 0.020 0.005 0.86
0011 232 1.93 0.025 0.010 0.26 0060 131 1.85 0.014 0.014 0.00
0012 386 1.80 0.023 0.016 0.02 0061 248 1.74 0.020 0.008 0.51
0013 114 1.68 0.013 0.007 0.16 0062 246 2.27 0.041 0.009 0.87
0014 267 1.95 0.029 0.006 0.98 0063 216 1.80 0.020 0.004 0.99
0015 256 1.87 0.025 0.009 0.60 0064 281 1.86 0.025 0.006 0.93
0016 367 1.97 0.038 0.010 0.86 0065 517 1.87 0.038 0.010 0.84
0017 311 1.74 0.024 0.007 0.94 0066 388 1.81 0.025 0.016 0.03
0018 330 1.90 0.034 0.006 1.00 0067 177 1.75 0.016 0.007 0.34
0019 207 1.81 0.021 0.009 0.45 0068 177 2.24 0.028 0.010 0.30
0020 445 1.97 0.048 0.009 1.00 0069 115 1.79 0.010 0.008 0.00
0021 122 1.89 0.012 0.009 0.01 0070 211 2.06 0.027 0.009 0.43
0022 127 2.02 0.015 0.010 0.01 0071 144 1.89 0.018 0.006 0.59
0023 128 2.10 0.020 0.004 0.91 0072 138 1.92 0.018 0.005 0.82
0024 196 2.11 0.028 0.005 1.00 0073 193 1.83 0.019 0.006 0.77
0025 287 1.94 0.030 0.009 0.79 0074 238 1.75 0.020 0.007 0.70
0026 158 2.06 0.021 0.007 0.51 0075 460 1.79 0.031 0.011 0.59
0027 181 2.01 0.024 0.008 0.54 0076 161 1.91 0.020 0.006 0.68
0028 321 1.86 0.031 0.008 0.92 0077 613 1.81 0.039 0.013 0.80
0029 153 1.88 0.019 0.005 0.82 0078 303 1.97 0.030 0.006 0.99
0030 751 2.17 0.071 0.018 0.79 0079 333 2.34 0.053 0.011 0.89
0031 96 1.88 0.012 0.005 0.24 0080 328 1.99 0.031 0.010 0.67
0032 265 1.82 0.020 0.009 0.28 0081 139 2.27 0.029 0.007 0.80
0033 271 1.72 0.019 0.010 0.18 0082 161 1.83 0.015 0.010 0.03
0034 214 1.68 0.016 0.006 0.58 0083 156 1.79 0.015 0.006 0.34
0035 155 1.93 0.020 0.008 0.38 0084 215 1.77 0.018 0.008 0.30
0036 172 1.78 0.017 0.005 0.95 0085 296 1.87 0.023 0.011 0.28
0037 113 2.37 0.025 0.006 0.68 0086 423 1.68 0.025 0.014 0.10
0038 131 2.05 0.016 0.012 0.00 0087 347 1.76 0.024 0.005 1.00
0039 249 1.85 0.023 0.007 0.61 0088 304 1.82 0.025 0.005 0.98
0040 190 1.79 0.016 0.011 0.04 0089 102 1.82 0.009 0.005 0.18
0041 261 1.92 0.025 0.010 0.22 0090 103 2.04 0.019 0.004 0.88
0042 211 1.82 0.019 0.004 0.97 0091 153 1.89 0.020 0.006 0.68
0043 376 1.95 0.040 0.007 1.00 0092 230 1.92 0.025 0.008 0.72
0044 147 1.93 0.020 0.004 0.97 0093 167 1.93 0.021 0.008 0.31
0045 253 1.96 0.026 0.011 0.31 0094 208 2.04 0.026 0.007 0.89
0046 222 1.92 0.027 0.008 0.75 0095 136 1.94 0.020 0.006 0.48
0047 161 1.75 0.017 0.009 0.14 0096 152 1.84 0.014 0.006 0.50
0048 176 1.78 0.017 0.008 0.22 0097 276 1.71 0.020 0.005 0.99
0049 180 1.95 0.024 0.007 0.72 0098 140 1.76 0.012 0.006 0.22
moving average (CDMA) method and the forward detrending moving average (FDMA) method. The local fluctuation
function Fv(s) in the v-th box is defined as the root-mean-square of the residuals:
[Fv(s)]
2 =
1
s
vs∑
i=(v−1)s+1
[ǫ(i)]2 . (11)
8The overall fluctuation function is calculated as follows:
F (s) =
{
1
Ns
Ns∑
v=1
F 2v (s)
} 1
2
, (12)
For most time series with fractal nature, one has:
F (s) ∼ sH , (13)
where H can be roughly viewed as the Hurst exponent (To be precise, H signifies the DFA or DMA scaling exponent).
Hence, if H is significantly greater than 0.5, the inter-donation duration series τ is positively correlated. If H is
insignificantly different from 0.5, the duration series τ is uncorrelated. If H is significantly smaller than 0.5, the
duration series τ is negatively correlated. When H is compared with 0.5, statistical tests are necessary [88].
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FIG. 3. Plots of the fluctuation functions F (s) with respect to the box size s for four inter-donations duration series. The solid
lines are power-law fits to the empirical data. The curves have been shifted vertically for clarity. (A) DMA with θ = 0. (B)
DMA with θ = 0.5. (C) DMA with θ = 1. (D) DFA.
Fig. 3 illustrates the detrended fluctuation function F (s) with respect to the box size s using DMA (θ = 0 in panel
A, θ = 0.5 in panel B, and θ = 1 in panel C) and DFA (panel D) for four typical virtual worlds 0028, 0044, 0046
and 0049. Each curve reveals excellent power-law scaling over more than three orders of magnitude. By observing
Fig. 3, it’s worth noting that the power-law scaling detected by CDMA and DFA shows slightly worse performance
comparing with BDMA and FDMA, which has minor influence on detecting long-range correlations of τ (Table III).
The DMA or DFA scaling exponents H of 98 inter-donation duration series are estimated according to the power-law
9TABLE III. The scaling exponents qualifying long-range correlations of inter-donation durations τ for the 98 virtual worlds
based on the DFA and DMA methods. HSFL is the average scaling exponent of 100 shuffled inter-donation durations series.
BDMA, CDMA and FDMA are respectively backward, centred and forward DMA.
Code HBDMA H
BDMA
SFL H
CDMA H
CDMA
SFL H
FDMA H
FDMA
SFL H
DFA H
DFA
SFL Code H
BDMA H
BDMA
SFL H
CDMA H
CDMA
SFL H
FDMA H
FDMA
SFL H
DFA H
DFA
SFL
0001 0.920 0.501 0.738 0.498 0.916 0.501 0.732 0.500 0050 0.807 0.502 0.586 0.499 0.802 0.501 0.606 0.501
0002 0.926 0.500 0.751 0.498 0.925 0.501 0.755 0.501 0051 0.826 0.503 0.676 0.497 0.816 0.502 0.682 0.501
0003 0.882 0.501 0.770 0.500 0.880 0.499 0.766 0.501 0052 0.936 0.501 0.811 0.499 0.936 0.501 0.812 0.501
0004 0.840 0.499 0.661 0.497 0.828 0.500 0.664 0.499 0053 0.792 0.499 0.650 0.497 0.783 0.502 0.649 0.500
0005 0.824 0.501 0.642 0.497 0.805 0.500 0.657 0.500 0054 0.775 0.501 0.619 0.497 0.767 0.501 0.625 0.498
0006 0.917 0.499 0.761 0.498 0.915 0.501 0.765 0.500 0055 0.778 0.502 0.611 0.498 0.771 0.502 0.617 0.500
0007 0.889 0.501 0.730 0.497 0.885 0.503 0.733 0.500 0056 0.945 0.500 0.794 0.500 0.944 0.502 0.770 0.501
0008 0.924 0.503 0.756 0.498 0.923 0.501 0.756 0.502 0057 0.936 0.502 0.836 0.498 0.935 0.503 0.821 0.500
0009 0.868 0.502 0.703 0.498 0.855 0.502 0.703 0.501 0058 0.948 0.500 0.752 0.498 0.948 0.498 0.739 0.501
0010 0.790 0.499 0.628 0.497 0.785 0.499 0.631 0.500 0059 0.921 0.500 0.759 0.497 0.920 0.502 0.771 0.500
0011 0.779 0.502 0.614 0.499 0.774 0.502 0.621 0.500 0060 0.722 0.502 0.639 0.497 0.726 0.502 0.630 0.500
0012 0.911 0.502 0.807 0.497 0.913 0.498 0.796 0.501 0061 0.934 0.502 0.736 0.497 0.930 0.500 0.756 0.501
0013 0.632 0.499 0.554 0.497 0.633 0.501 0.559 0.500 0062 0.892 0.502 0.733 0.498 0.892 0.502 0.737 0.500
0014 0.799 0.503 0.629 0.498 0.794 0.502 0.630 0.500 0063 0.810 0.501 0.623 0.497 0.803 0.502 0.628 0.500
0015 0.797 0.503 0.648 0.498 0.791 0.499 0.640 0.500 0064 0.795 0.501 0.596 0.497 0.790 0.502 0.603 0.501
0016 0.791 0.501 0.633 0.499 0.782 0.500 0.636 0.499 0065 0.777 0.502 0.604 0.499 0.771 0.503 0.607 0.500
0017 0.794 0.503 0.618 0.497 0.790 0.497 0.615 0.500 0066 0.641 0.503 0.560 0.498 0.630 0.500 0.559 0.501
0018 0.780 0.502 0.639 0.497 0.774 0.502 0.640 0.500 0067 0.746 0.502 0.586 0.497 0.735 0.502 0.596 0.500
0019 0.917 0.500 0.729 0.497 0.913 0.501 0.727 0.499 0068 0.874 0.501 0.730 0.497 0.872 0.501 0.731 0.499
0020 0.901 0.501 0.731 0.497 0.896 0.501 0.746 0.500 0069 0.753 0.502 0.696 0.499 0.755 0.501 0.698 0.500
0021 0.893 0.501 0.756 0.499 0.891 0.503 0.755 0.500 0070 0.886 0.500 0.724 0.498 0.885 0.502 0.722 0.501
0022 0.926 0.502 0.779 0.498 0.927 0.502 0.772 0.500 0071 0.886 0.500 0.745 0.499 0.885 0.501 0.734 0.500
0023 0.905 0.499 0.725 0.497 0.905 0.501 0.727 0.500 0072 0.878 0.501 0.718 0.498 0.877 0.502 0.709 0.499
0024 0.798 0.502 0.591 0.498 0.794 0.501 0.599 0.500 0073 0.804 0.500 0.615 0.497 0.798 0.501 0.607 0.501
0025 0.737 0.502 0.552 0.498 0.731 0.502 0.558 0.500 0074 0.971 0.503 0.791 0.497 0.971 0.501 0.793 0.500
0026 0.810 0.502 0.604 0.498 0.803 0.499 0.617 0.501 0075 0.808 0.502 0.583 0.497 0.805 0.502 0.587 0.499
0027 0.704 0.500 0.540 0.498 0.695 0.500 0.546 0.501 0076 0.883 0.502 0.725 0.499 0.882 0.500 0.712 0.499
0028 0.751 0.501 0.569 0.497 0.744 0.501 0.581 0.500 0077 0.808 0.499 0.641 0.497 0.802 0.502 0.648 0.501
0029 0.800 0.503 0.617 0.497 0.794 0.502 0.625 0.501 0078 0.827 0.502 0.647 0.498 0.819 0.501 0.656 0.501
0030 0.769 0.501 0.591 0.498 0.765 0.503 0.593 0.501 0079 0.833 0.500 0.635 0.498 0.829 0.501 0.633 0.501
0031 0.971 0.501 0.838 0.499 0.970 0.500 0.838 0.500 0080 0.825 0.499 0.632 0.498 0.819 0.500 0.629 0.499
0032 0.970 0.500 0.860 0.498 0.968 0.499 0.857 0.501 0081 0.924 0.501 0.817 0.499 0.924 0.503 0.812 0.500
0033 0.974 0.502 0.852 0.498 0.973 0.501 0.848 0.500 0082 0.900 0.502 0.726 0.497 0.899 0.499 0.715 0.500
0034 0.925 0.501 0.843 0.498 0.925 0.503 0.850 0.500 0083 0.902 0.502 0.721 0.497 0.902 0.501 0.712 0.500
0035 0.938 0.501 0.796 0.500 0.938 0.502 0.792 0.500 0084 0.824 0.500 0.649 0.497 0.816 0.499 0.649 0.500
0036 0.904 0.503 0.795 0.499 0.901 0.501 0.786 0.501 0085 0.824 0.500 0.602 0.497 0.819 0.501 0.604 0.501
0037 0.922 0.500 0.779 0.497 0.922 0.499 0.785 0.501 0086 0.859 0.502 0.594 0.499 0.856 0.500 0.590 0.500
0038 0.879 0.503 0.699 0.499 0.878 0.502 0.699 0.501 0087 0.829 0.501 0.606 0.498 0.825 0.502 0.610 0.500
0039 0.823 0.503 0.628 0.497 0.817 0.503 0.635 0.501 0088 0.834 0.501 0.620 0.499 0.829 0.500 0.605 0.500
0040 0.821 0.502 0.643 0.497 0.814 0.502 0.642 0.501 0089 0.720 0.500 0.652 0.498 0.721 0.500 0.649 0.500
0041 0.894 0.502 0.717 0.498 0.893 0.502 0.704 0.501 0090 0.860 0.503 0.687 0.499 0.852 0.501 0.678 0.501
0042 0.816 0.502 0.629 0.497 0.810 0.499 0.633 0.501 0091 0.808 0.501 0.604 0.497 0.802 0.500 0.618 0.500
0043 0.738 0.501 0.589 0.497 0.730 0.501 0.590 0.502 0092 0.740 0.500 0.548 0.498 0.732 0.503 0.558 0.502
0044 0.867 0.501 0.658 0.500 0.862 0.500 0.667 0.501 0093 0.739 0.501 0.559 0.498 0.733 0.498 0.564 0.500
0045 0.779 0.497 0.583 0.497 0.772 0.500 0.588 0.501 0094 0.758 0.503 0.553 0.499 0.751 0.503 0.562 0.501
0046 0.667 0.500 0.529 0.498 0.661 0.502 0.535 0.500 0095 0.765 0.501 0.583 0.498 0.762 0.502 0.585 0.501
0047 0.614 0.501 0.543 0.498 0.612 0.502 0.541 0.499 0096 0.863 0.502 0.679 0.498 0.861 0.502 0.669 0.501
0048 0.741 0.501 0.565 0.497 0.731 0.500 0.567 0.501 0097 0.862 0.502 0.650 0.497 0.857 0.501 0.655 0.500
0049 0.701 0.502 0.579 0.498 0.689 0.500 0.579 0.501 0098 0.844 0.500 0.688 0.497 0.841 0.500 0.678 0.500
relation FDMA(s) ∼ s
HDMA or FDFA(s) ∼ s
HDFA , which are the slopes of solid lines shown in the log-log plot of Fig. 3.
We calculate the scaling exponents H for all 98 virtual worlds in Table III.
In Table III, one can find that the exponent HBDMA mainly concentrates in the range [0.700, 0.950] with the
mean value H
BDMA
= 0.835 ± 0.079, the exponent HCDMA mainly fluctuates in the range [0.550, 0.850] with the
mean value H
CDMA
= 0.670± 0.085, the exponent HFDMA mainly varies in the range [0.700, 0.950] with the mean
value H
FDMA
= 0.830± 0.081 and the exponent HDFA mainly fluctuates in the range [0.550, 0.850] with the mean
value H
DFA
= 0.672± 0.082, respectively. Since all the scaling exponents (HBDMA, HCDMA, HFDMA and HDFA) are
significantly greater than 0.5 for all 98 inter-donation duration series, we conclude that the inter-donation durations
process long memory. This finding provides further evidence that the donation process is a non-Poisson process. We
also found that
HBDMA ≈ HFDMA > HCDMA ≈ HDFA. (14)
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As shown in Fig. 3, the BDMA and FDMA methods give excellent power-law scalings, whereas the CDMA and
DFA methods give evidently worse results. Therefore, we argue that the BDMA and FDMA methods produce more
convincing estimates.
Besides, the probability distribution of inter-donation durations τ may affect its memory effect. In order to uncover
the distribution impact, we first shuffle the inter-donation duration series of each virtual world for 100 times, then
obtain the shuffled scaling exponents HBDMASFL , H
CDMA
SFL , H
FDMA
SFL and H
DFA
SFL based on the BDMA, CDMA, FDMA and
DFA methods, respectively [36]. The average values of 100 shuffled durations series are also illustrated in Table III.
It is clear that the values of H
BDMA
SFL , H
CDMA
SFL , H
FDMA
SFL and H
DFA
SFL for all 98 inter-donation durations series extremely
approach to 0.5 which are obviously smaller than the original ones. So we make a conclusion that the probability
distribution of durations τ does not affect the memory effect, and confirm that durations τ truly process significant
long memory for all the 98 virtual worlds.
V. MULTIFRACTAL NATURE
We now turn to investigate the possible presence of nonlinear correlations in the inter-donation duration series
through adopting the backward MFDMA method which presents a better performance [81]. The backward MFDMA
method is an extension of the BDMA approach by generalizing the overall fluctuation function in Eq. (12) to the
qth-order detrended fluctuation function as follow:
Fq(s) =
{
1
Ns
Ns∑
v=1
F qv (s)
} 1
q
, (15)
where q can take any real value except for q = 0. When q = 0, we have
ln[F0(s)] =
1
Ns
Ns∑
v=1
ln[Fv(s)], (16)
according to L’Hoˆspital’s rule. Varying the values of box size s, we can determine the power-law relation between the
function Fq(s) and the size scale s,
Fq(s) ∼ s
h(q). (17)
where h(q) is the backward MFDMA scaling exponent. When q = 2, h(2) is exactly the BDMA scaling exponent
HBDMA.
In the standard multifractal formalism, the multifractal scaling exponent τ(q) can be used to characterize the
multifractal nature, which reads
τ(q) = qh(q)−Df , (18)
where Df is the fractal dimension of the geometric support of the multifractal measure [84]. For inter-donation
duration series, we have Df = 1. Moreover, it easily obtain the local singularity exponent α(q) and the multifractal
spectrum f(α) via the Legendre transform [76] {
α(q) = dτ(q)/dq
f(q) = qα− τ(q)
. (19)
Besides, the multifractal spectrum f(α) is directly related to the generalized dimension Dq [74, 75, 89].
Plots (A-D) of Fig. 4 depict excellent power-law dependence of the fluctuation functions Fq(s) with respect to the
scale s for four inter-donation duration series. Fig. 4 (E) illustrates the nonlinearity of the scaling exponents τ(q),
which suggests the multifractal nature of inter-donation durations. Correspondingly, the singularity strength functions
α(q) and the generalized dimensions Dq are presented in Fig. 4 (F) and Fig. 4 (G), respectively. Additionally, Fig. 4
(H) shows the broad multifractal spectra f(α) as a function of the singularity strength α for the same inter-donation
duration series in Fig. 4 (E). It is well-documented that ∆α = αmax − αmin is an important parameter qualifying the
width of multifractal spectrum. The larger the ∆α value, the stronger the multifractality. As an alternative, ∆Dq is
the range of generalized dimensions Dq, which can also quantify multifractality of the inter-donation duration series.
The values of ∆α and ∆Dq for all the investigated duration series are listed in Table IV. Table IV reports that the
11
TABLE IV. The width of the multifractal spectra ∆α of inter-donation duration series for 98 virtual worlds based on the
backward MFDMA method. ∆αSFL is the average spectrum width of 100 shuffled inter-donation duration series and γ =
∆α−∆αSFL. ∆Dq is the range of generalized dimensions Dq .
Code ∆α ∆αSFL γ ∆Dq Code ∆α ∆αSFL γ ∆Dq
0001 0.47 0.35 0.12 0.38 0050 0.51 0.34 0.17 0.41
0002 0.45 0.33 0.12 0.36 0051 0.49 0.37 0.12 0.41
0003 0.42 0.33 0.09 0.34 0052 0.53 0.36 0.17 0.43
0004 0.48 0.35 0.13 0.39 0053 0.48 0.35 0.13 0.39
0005 0.44 0.34 0.10 0.36 0054 0.43 0.33 0.10 0.35
0006 0.46 0.35 0.11 0.38 0055 0.44 0.35 0.09 0.36
0007 0.53 0.36 0.17 0.43 0056 0.50 0.33 0.17 0.41
0008 0.42 0.32 0.10 0.34 0057 0.46 0.35 0.11 0.38
0009 0.49 0.35 0.14 0.39 0058 0.51 0.34 0.17 0.41
0010 0.49 0.33 0.16 0.39 0059 0.53 0.34 0.19 0.43
0011 0.51 0.33 0.18 0.42 0060 0.61 0.30 0.31 0.52
0012 0.44 0.32 0.12 0.36 0061 0.49 0.36 0.13 0.39
0013 0.66 0.32 0.34 0.56 0062 0.57 0.33 0.24 0.45
0014 0.48 0.34 0.14 0.39 0063 0.45 0.35 0.10 0.37
0015 0.50 0.34 0.16 0.41 0064 0.47 0.33 0.14 0.39
0016 0.46 0.33 0.13 0.38 0065 0.43 0.33 0.10 0.35
0017 0.50 0.35 0.15 0.40 0066 0.48 0.32 0.16 0.39
0018 0.53 0.36 0.17 0.43 0067 0.56 0.33 0.23 0.46
0019 0.52 0.35 0.17 0.43 0068 0.48 0.33 0.15 0.38
0020 0.47 0.35 0.12 0.39 0069 0.64 0.28 0.36 0.54
0021 0.53 0.32 0.21 0.42 0070 0.44 0.33 0.11 0.36
0022 0.45 0.32 0.13 0.37 0071 0.53 0.34 0.19 0.44
0023 0.61 0.33 0.28 0.49 0072 0.45 0.34 0.11 0.36
0024 0.55 0.33 0.22 0.44 0073 0.44 0.33 0.11 0.36
0025 0.57 0.33 0.24 0.46 0074 0.49 0.35 0.14 0.40
0026 0.50 0.33 0.17 0.40 0075 0.49 0.35 0.14 0.39
0027 0.58 0.32 0.26 0.47 0076 0.43 0.34 0.09 0.35
0028 0.52 0.34 0.18 0.44 0077 0.48 0.35 0.13 0.39
0029 0.54 0.35 0.19 0.45 0078 0.47 0.33 0.14 0.38
0030 0.48 0.33 0.15 0.39 0079 0.44 0.32 0.12 0.35
0031 0.42 0.32 0.10 0.34 0080 0.48 0.33 0.15 0.39
0032 0.41 0.31 0.10 0.33 0081 0.44 0.33 0.11 0.36
0033 0.42 0.31 0.11 0.34 0082 0.45 0.33 0.12 0.37
0034 0.45 0.33 0.12 0.37 0083 0.48 0.33 0.15 0.39
0035 0.55 0.35 0.20 0.45 0084 0.48 0.35 0.13 0.38
0036 0.51 0.35 0.16 0.42 0085 0.45 0.33 0.12 0.36
0037 0.53 0.35 0.18 0.42 0086 0.43 0.33 0.10 0.35
0038 0.43 0.32 0.11 0.35 0087 0.47 0.34 0.13 0.39
0039 0.46 0.34 0.12 0.38 0088 0.46 0.34 0.12 0.38
0040 0.46 0.33 0.13 0.38 0089 0.66 0.30 0.36 0.55
0041 0.44 0.32 0.12 0.36 0090 0.54 0.36 0.18 0.45
0042 0.47 0.33 0.14 0.39 0091 0.50 0.35 0.15 0.41
0043 0.61 0.34 0.27 0.50 0092 0.55 0.34 0.21 0.45
0044 0.50 0.36 0.14 0.42 0093 0.52 0.34 0.18 0.42
0045 0.51 0.33 0.18 0.40 0094 0.54 0.32 0.22 0.43
0046 0.53 0.31 0.22 0.44 0095 0.52 0.34 0.18 0.44
0047 0.62 0.31 0.31 0.52 0096 0.51 0.33 0.18 0.42
0048 0.57 0.33 0.24 0.46 0097 0.51 0.35 0.16 0.41
0049 0.61 0.32 0.29 0.51 0098 0.48 0.32 0.16 0.39
width of singularity spectrum ∆α fluctuates in the range [0.41, 0.66], which confirms that the inter-donation duration
series process multifractality.
Following the same test procedure in Sec. IV, we study the impact of probability distribution of inter-donation
durations for multifractality [36]. Likewise, we first shuffle the inter-donation duration series for 100 times and
then calculate the average value of width of the multifractal spectrum ∆αSFL from 100 shuffled series based on the
backward MFDMA method. Since the ∆αSFL reported in Table IV are obviously larger than zero, we conclude
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FIG. 4. Multifractal analysis of the inter-donation durations for four typical virtual worlds. (A-D) Power-law dependence of
the fluctuation functions Fq(s) corresponding to different virtual worlds 0028, 0044, 0046 and 0049. The curves have been
shifted vertically for clarity. (E) Multifractal mass exponents τ (q). (F) Singularity strength functions α(q). (G) Generalized
dimensions Dq . (H) Multifractal singularity spectra f(α).
that the distribution of inter-donation durations reliably generates multifractal. In addition, Fig. 5 illustrates the
dependence of the singularity width ∆α as a function of the exponent β for the 84 inter-donation duration series with
a power-law tail. More specially, the singularity width ∆α presents an irregular evolution with the varying exponent
β, which may be attributed to the relatively narrow range of the β values. Correspondingly, we define the residual
of spectrum width γ through removing the shuffled width ∆αSFL from the original one ∆α, i.e., γ = ∆α −∆αSFL,
which provides further evidence that inter-donation durations process multifractal nature (Table IV).
VI. CONCLUSION
Understanding the regular patterns in individual human interactions is essential in managing information spreading
and in tracking social contagion. In this paper, we have investigated the scaling and memory of user donation behaviors
based on a popular MMORPG. We presented the characteristic decay of the number of daily user donations for 98
independent virtual worlds inhabited in different servers. Furthermore, based on the MLE method and the KS
statistic [36, 86], we identified that there are 84 inter-donation duration series following power-law distributions in
the tails with an average scaling exponent approaching 1.91.
We then conducted a study on the memory effect of inter-donation duration series by adopting DMA and DFA
methods. The empirical investigations suggest that the inter-donation duration series of each virtual world processes
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FIG. 5. Dependence of the singularity width ∆α as a function of the exponent β for the 84 inter-donation duration series with
a power-law tail.
strong long-range correlations with the scaling exponent significantly larger than 0.5, and the probability distribution
of inter-donation durations has no impact on its memory effect. Finally, we explore the multifractal properties of
inter-donation duration series via applying the backward MFDMA algorithm. We found that all the 98 inter-donation
duration series exhibit evident multifractal nature and the distribution of inter-donation durations reveals some effect
on the multifractality. Summarily, these findings provide essential evidences that the donation process of individuals
in virtual worlds cannot be described by the Poisson process.
Our study conducts a systemic investigation of the statistical properties of user donation behaviors (a proxy of direct
and indirect reciprocity [3]) in virtual worlds. To the best of our knowledge, similar analysis on donation behavior
with such a large database has not been carried out. These empirical findings not only deepen our understanding of
the cooperation process, but also can provide stylized facts for the calibration of agent-based models in the field of
computational social sciences. It is also possible to construct dynamic models based on Hawkes Processes [90, 91] or
Markov chains [92] by incorporating the non-Poisson behaviors. In addition, it is worth comparing the scaling and
memory of charitable donation behaviors between real and virtual worlds.
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